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Abstract:

Keywords:

The significance of intra-mountain valleys to infrastructure and human settlements and the
need to mitigate the geo-hazard affecting these assets are fundamental to the economy of
Italian alpine regions. Therefore, there is a real need to recognize and assess possible geohazards affecting them. This study proposes the use of GIS-based analyses to construct a
sinkhole susceptibility model based on conditioning factors such as land use, geomorphology,
thickness of shallow deposits, distance to drainage network and distance to faults. Thirtytwo models, applied to a test site (Enemonzo municipality, NE Italy), were produced using a
method based on the Likelihood Ratio (λ) function, nine with only one variable and 23 applying
different combinations. The sinkhole susceptibility model with the best forecast performance,
with an Area Under the Prediction Rate Curve (AUPRC) of 0.88, was that combining the
following parameters: Nearest Sinkhole Distance (NSD), land use and thickness of the
surficial deposits. The introduction of NSD as a continuous variable in the computation
represents an important upgrade in the prediction capability of the model. Additionally, the
model was refined using a kernel density estimation that produced a significant improvement
in the forecast performance.
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INTRODUCTION
Several regions of Europe are affected by groundsubsidence phenomena caused by the presence of
highly soluble evaporite rocks. These phenomena
represent a severe geo-hazard for many European
countries such as France (Thierry et al., 2009),
Germany (Dahm et al., 2010), Lithuania (Paukstys
et al., 1999), Russia (Koutepov et al., 2008), Spain
(Gutiérrez et al., 2008), the United Kingdom (Cooper,
1995; Cooper et al., 2011) and Albania (Parise et
al., 2004). Italy is also affected by this type of geohazard (Nisio et al., 2007; Caramanna et al., 2008;
Di Maggio et al., 2010; Iovine et al., 2010; Caporale
et al., 2013; Parise & Vennari, 2013), and the results
of recent investigations have shown that the Friuli
Venezia Giulia Region (hereafter noted as FVG) is
one of the most affected areas of northern Italy (Zini
et al., 2015a). Karst areas in FVG are very common
(Fabbri et al., 2013; Zini et al., 2014, 2015b, Calligaris
*jpgalve@gmail.com

et al., 2017a), but only 1% of the karstifiable lithologies
are represented by evaporites. These crop out along
the Tagliamento River Valley and along a northern
alignment, near the villages of Ovaro (Calligaris et
al., 2016), Prato Carnico, Sauris and Ligosullo. The
Upper Tagliamento Valley is affected by hundreds of
sinkholes, which represent a severe threat to human
facilities such as buildings and roads. Here, the
combination of an intensively karstified evaporite
bedrock, the presence of regional faults, the high
amount of annual rainfall (1600-2000 mm/y) and
large fluctuations of the water table (greater than 10
m) seem to be responsible for the above-mentioned
sinkholes. The most notable phenomena are located
in Quinis, a hamlet of the Municipality of Enemonzo,
where severe damage has been reported since the end
of the 1800s (Marinelli, 1898; Gortani, 1965; Zini et
al., 2015a).
As karst regions with a high density of sinkholes
are a threat to buildings and infrastructure, they
The author’s rights are protected under a Creative Commons AttributionNonCommercial 4.0 International (CC BY-NC 4.0) license.
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have been studied through the development of
susceptibility maps, obtained by using deterministic,
heuristic and probabilistic/statistical methods.
Deterministic techniques are based on physicallybased models developed using numerical methods.
Heuristic models apply rules defined using expert
criteria for determining if an area can be considered
a sinkhole-prone area. Probabilistic and statistical
methods quantitatively analyze the most important
factors that characterize the geological features
of the sinkhole-prone areas. Galve et al. (2009a)
explained in detail the differences between these
techniques and carried out a complete review of the
different types of sinkhole susceptibility maps. Table
1 lists the publications in the international scientific
literature that describe different methods used for
the analysis of sinkhole susceptibility in a variety of
geological scenarios.
The methodology used in this paper to build a
sinkhole susceptibility map belongs to the probabilistic
methods, which do not require the often difficult and
expensive information of the deterministic methods.
Furthermore, probabilistic methods are more objective

than heuristic calculations and provide better results
than the other techniques, especially in the analysis
of geomorphic processes at the medium and regional
scales (e.g., Cervi et al., 2010). Probabilistic and
statistical methods have been extensively applied in
landslide susceptibility analyses (e.g., Calligaris et al.,
2013; Petschko et al., 2014; Piacentini et al., 2015;
Steger et al., 2016), but they are not very common in
the literature related to karst subsidence sinkholes (see
Table 1). The evaporite karst of the Ebro Valley (Spain)
is the region where these methods have often been
tested (Simón et al., 1991; Soriano & Simón, 1995;
Simón & Soriano, 2002; Lamelas et al., 2008; Galve et
al., 2008, 2009b, 2011), but other authors also used
these techniques to produce sinkhole susceptibility
maps in other study areas (Hyland, 2005; Yilmaz,
2007; Dai et al., 2008; Doctor et al., 2008; Oh & Lee,
2010; Nachbaur & Rohmer, 2011; Doctor & Doctor,
2012; Papadopoulou-Vrynioti et al., 2013; Pradhan
et al., 2014; Cahalan, 2015; D’Angella et al., 2015;
Ciotoli et al., 2016; Table 1). The techniques applied by
these authors include Logistic Regression, Frequency
Ratio, Geographically Weighted Regression, Artificial

Table 1. Main characteristics of the karst areas where susceptibility assessments were developed and the methods used in each one. Method
acronyms: SM: Score Method; SA: Stability analysis; LR: Logistic Regression; LRF: Likelihood Ratio Functions; DT: Decision-tree model; GWR:
Geographically Weighted Regression; AHP: Analytical Hierarchy Process; FR: Frequency Ratio; EBF: Evidential Belief Function; ANN: Artificial
Neural Networks; OLS: Ordinary Least Squares regression; WoE: Weights of Evidence; FL: Fuzzy Logic. Validation type acronyms: CM: Confusion
matrix; PRC: Prediction-rate curves; ROC: Receiver Operating Characteristic curves; DF: Degree of Fit.
Study area

Karst Bedrock

Method

Validation

Reference

Algarve (Portugal)

Carbonates

Heuristic (SM)

No

Forth et al., 1999

Crestatx (Spain)

Carbonates

Heuristic

No

García-Moreno & Mateos, 2011

Loire River (France)

Carbonates

Statistical

No

Samyn et al., 2014

Dzerzhinsk (Russia)

Evaporites

Deterministic (SA)

No

Koutepov et al., 2008

Ebro Valley (Spain)

Evaporites

Statistical

No

Soriano and Simón, 1995

Ebro Valley (Spain)

Evaporites

Statistical (LR)

Yes (CM)

Lamelas et al., 2008

Evaporites

Heuristic (SM) and
Probabilistic (LRF)

Yes (PRC)

Galve et al., 2009b

Ebro Valley (Spain)
Fillmore (USA)

Carbonates

Heuristic (DT)

No

Gao and Alexander, 2003

Frederick Valley (USA)

Carbonates

Statistical (GWR)

No

Doctor et al., 2008

Guilin (China)

Carbonates

Heuristic

No

Dai et al., 2008

Hamadan province (Iran)

Carbonates

Heuristic (AHP)

No

Taheri et al., 2015

Jefferson (USA)

Carbonates

Statistical (GWR)

No

Doctor and Doctor, 2012

Karapınar area (Turkey)

Carbonates

Probabilistic (FR)

Yes (ROC)

Ozdemir, 2015

Kinta Valley (Malaysia)

Carbonates

Probabilistic (EBF; FR)

Yes (ROC)

Pradhan et al., 2014

Lazio region (Italy)

Carbonates

Statistical (LR)

Yes (ROC)

Ciotoli et al., 2016

Missouri (USA)

Carbonates

Heuristic (SM)

No

Kaufman, 2008

N Shenandoah Valley (USA)

Carbonates

Statistical

No

Hyland, 2005

Sivas basin (Turkey)

Evaporites

Probabilistic (FR)

Yes (DF)

Yilmaz, 2007

Torre Castiglione (Italy)

Carbonates

Heuristic (DT)

No

Bruno et al., 2008

Tournaisis area (Belgium)

Carbonates

Heuristic

No

Kaufman and Quinif, 2002

Paris (France)

Evaporites

Heuristic-Determ.

No

Thierry et al., 2009

Marbles

Statistical (LR)

No

Papadopoulou-Vrynioti et al., 2013

Athens (Greece)
Tampa (USA)

Carbonates

Heuristic (SM)

No

Zisman, 2001

Kinta Valley (Malaysia)

Carbonates

Heuristic (SM)

No

Al-Kouri et al., 2013

Wuhan city (China)

Carbonates

Heuristic-Determ.

No

Wu et al., 2010

Evaporites

Heuristic and Statistical
(LR, ANN)

Yes (ROC)

D’Angella et al., 2015

Dougherty County (USA)

Carbonates

Statistical (OLS, GWR)

No

Cahalan, 2015

Samcheok City (Korea)

Carbonates

Probabilistic (WoE)

Yes (ROC)

Oh and Lee, 2010

Arras (France)

Evaporites

Probabilistic (WoE, FL)

No

Nachbaur and Rohmer, 2011

Val d’Orleans (France)

Carbonates

Probabilistic (WoE)

Yes (ROC)

Perrin et al., 2015

Lesina Marina (Italy)
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Neural Networks and Weights of Evidence. The
present paper describes the application of a method
based on the Favorability Functions approach (Chung
& Fabbri, 1993), and the Likelihood Ratio (Chung,
2006). Although this technique is a simpler method
than the other widely applied statistical methods, it
has demonstrated good performances for predicting
the occurrences of sinkholes in the Ebro Valley
(Spain) (Galve et al., 2008, 2009b, 2011). Moreover, it
has been successfully used in landslide susceptibility
modeling (e.g., Chung, 2006; Lee & Pradhan, 2007;
Felicísimo et al., 2013). In this paper, the nearest
neighbor analysis proposed by Galve et al. (2011) for
modelling the sinkhole susceptibility was improved
by using the kernel density function to calculate the
nearest sinkhole distance as a continuous variable
(Silverman, 1986; Chung, 2006).
One of the most important parts of this methodology
is the evaluation of the obtained susceptibility
models. Reliable evaluations of models on sinkhole
susceptibility are scarce in the international literature
(Table 1), and most of the papers do not present
information about the reliability of the presented
maps, models or methods. Only Galve et al. (2008,
2009b, 2011), Oh & Lee (2010), Pradhan et al.
(2014), D’Angella et al. (2015), Perrin et al. (2015),
Ozdemir (2015) and Ciotoli et al. (2016) show reliable
validation results. However, the evaluation of models
is a common practice in the susceptibility modeling
of landslides and earthquakes. Accepted methods to
evaluate the capacity of models to forecast the future
occurrences of discrete phenomena, such as sinkholes,
are described by Chung & Fabbri (2003) and Begueria
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(2006). Among these methods, Receiver Operating
Characteristic (ROC) curves and Prediction-Rate
Curves (PRCs) are the most widely used techniques
(See Table 1). The elaboration of these curves needs
the application of cross-validation techniques. Chung
& Fabbri (2003) reviewed diverse options to carry out
the cross-validation, and Galve et al. (2009b) applied
them to sinkholes affecting the Ebro Valley. We used
these techniques to perform a sensitivity analysis for
selecting the model that, using the least information,
will achieve the highest prediction power.

GEOLOGICAL AND HYDROGEOLOGICAL
SETTING
The evaporites of the Triassic and Permian strata
are present in the NW part of FVG, aligned along
two clearly defined directions (Venturini et al.,
2001; Carulli, 2006). The northernmost alignment
is characterized by Late Permian evaporites included
in the lower member of the Bellerophon Formation
(Fig. 1, blue color) which is typical of the transgressive
sequence where the gypsum, characterised by microand saccharoid crystals layered and interbedded
with black limestones and dolostones, overlies the
continental deposits of the Arenarie della Val Gardena
Formation (Upper Permian). The sequence ends with
limestone-dolostone-gypsum vacuolar breccias and
dolomitic limestones.
Triassic evaporites of the Late Carnian, represented
by outcrops of the Raibl Formation, occur in the
E-W oriented Tagliamento River Valley (Fig. 1, yellow
color). These evaporites, which are deposited in a deep

Fig. 1. Location of the study area and the evaporite karst of the Friuli Venezia Giulia region.
1) Forni di Sopra; 2) Forni di Sotto; 3) Ampezzo; 4) Socchieve; 5) Enemonzo and Quinis;
6) Sauris; 7) Prato Carnico; 8) Ligosullo; 9) Paularo and its hamlet Dierico.
International Journal of Speleology, 46 (2), 191-204. Tampa, FL (USA) May 2017
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lagoon environment, include different lithologies: the
red siltstone member with a thickness between 10
and 80 m at the bottom; the intermediate member of
the white and grey saccharoid gypsum, rich in clayey
impurities and grey dolomites (thickness of 350 m);
and the dolomites and marls at the top (thickness
of 180 m) (Venturini et al., 2001). The Late Carnian
evaporites extensively crop out at Enemonzo and
Quinis (Venturini et al., 2001; Cucchi & Piano, 2002;
Burelli et al., 2004) (Fig. 2). Their ductile behavior
represents a sort of tectonic lubricant for more
resistant lithologies.
From a structural viewpoint, the E-W Tagliamento
River Valley is controlled by several faults, including
the regional Alto Tagliamento overthrust. The latter
separates the Carnian Alps (Northern sector) from the
Carnian Prealps (Southern sector) (Venturini et al.,
2001; Carulli, 2006). In the study area, this structural
feature is not detectable at the surface but is buried
and recognizable only toward the West, outside the
area of interest (Venturini et al., 2001). Furthermore,
the study area is characterized by several NW-SE
minor faults (Fig. 2).
Evaporites are often capped by recent alluvial
deposits, more or less cemented, of the Tagliamento

River or are covered to a less extent by eluvial or colluvial
deposits from neighboring reliefs (Fig. 2). Alluvial
deposits are heterogeneous in grain size due to the
depositional patterns conditioned by the alternation
of glacial and interglacial periods, as well as the recent
depositional events of the Tagliamento River. For
these reasons, the highly permeable polygenic gravels
alternate strata of clays and silty-clayey terrains,
which decrease the overall permeability (Zini et al.,
2015a). In the investigated area, the thickness of the
Quaternary deposits increases, from N to S, ranging
from a few meters beneath the foothills to more than
60 m in correspondence of the Tagliamento floodplain.
The Quaternary deposits are characterized by the
presence of an extensive phreatic aquifer which is
fed by two contributions: (1) the effective infiltration
and the stream leakages in the northern sector; (2)
and the Tagliamento river leakages in the southern
sector. Water table fluctuations are particularly great
and linked to the discharges of the Tagliamento River,
which are in turn influenced by the dam activities
upstream. During low flow conditions Tagliamento
leakages are few with a consequent lowering of the
water table. The aquifer is therefore mainly recharged
by the stream leakages, which occur in the northern

Fig. 2. Geology and geomorphology of the study area.
International Journal of Speleology, 46 (2), 191-204. Tampa, FL (USA) May 2017
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sector of the study area. During high flow conditions,
the recharge due to the leakages of the Tagliamento
River are important and the phreatic levels close to
the riverbed and in the inhabited plain areas are
comparable. The water table fluctuations reach up to
15 m with velocities greater than 0.4 m/h (recorded
in the Quinis area).

MATERIALS AND METHODS
Sinkhole inventory
Within the framework of several different projects
funded by the Regional Geological Survey of the FVG
region as well as by the Enemonzo municipality the
researchers of the Mathematics and Geosciences
Department of Trieste University realised the first
sinkhole inventory of the study area (Calligaris et al.,
2017b) (Fig. 3A).
This inventory has been developed through a
multiphase approach, which envisaged the following
phases: (1) Collection and analysis of documents
and reports for the retrospective analysis of sinkhole
occurrences; (2) Interpretation of multi-temporal aerial
photographs; (3) DTM data analyses; (4) Interviews
with locals; and (5) Geomorphological surveying
and mapping.
Particular attention was devoted to the retrospective
study of sinkhole events that took place during
historic times. Bibliographic and archival research
has been performed using newspapers and scientific
articles and at public institutions. In addition to
the historical research, a detailed geomorphological
analysis through high resolution DTMs and aerial
photographs allowed to recognise the phenomena
affecting the study area.
At present 89 sinkholes were identified, 44 of
which were classified as cover collapse sinkholes,
and 45 as cover suffosion sinkholes, according to the
classification of Gutiérrez et al. (2014). The diameters
vary between 0.5 m and 72 m, whereas the depth
can reach 15 m. Among the 89 sinkholes, dates of
occurrence are available for only a dozen.
In the present section we describe only the
known recorded historical events, which represent
the meaningful phenomena of the ancient and
recent times.
Historical documents report the first sinkhole
occurrence in the area since the end of the 1800s
(Marinelli, 1898; Zini et al., 2015b, c). In historical
pictures taken by locals, a 19th century church
located in the center of the Quinis village (Fig. 3E)
was restored several times from damage caused by
ground subsidence phenomena; the church was
demolished in the mid-1970s for safety reasons
due to severe damage. An analysis of historical
photos indicates that the church was brought
down between 1974 and May 1976, when a 6.4M
earthquake struck eastern Friuli (Carulli & Slejko,
2005). The adjacent bell tower still exists, although it
is tilted due to the action of underground dissolution
processes (Fig. 3E). The above-cited events are
probably the best known in NE Italy related to
evaporite subsidence phenomena (De Waele et
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al., 2017), but the surroundings of Quinis and
Enemonzo villages are heavily affected by evaporite
dissolution processes. Gortani (1965) reported the
occurrence of three significant collapses, one in
October 1962 and the other two in October 1964.
The first occurred approximately a half km S of
Quinis, the second formed close by, and the third
formed in the Tagliamento riverbed in between
Socchieve and Enemonzo villages. Gortani explained
that their genesis is attributable to a sudden drop
of the groundwater table due to the construction of
an upstream hydroelectric plant. The diameters of
the above-cited sinkholes were 15, 45, and 25 m,
respectively, with maximum depths of 10, 15, and
15 m. Another 10 m wide subsidence event occurred
in 1977 (Fig. 3B) south of Enemonzo in cropland.
The sinkhole was immediately filled by locals, but six
months later, it was reactivated. In 1985, ten meters
away from this last event, a new sinkhole occurred.
The local newspapers reported that the depression
was approximately 7-8 m wide and 3.5 m deep. Three
adjacent buildings were demolished, and the rubble
was used to fill up the sinkhole. After this event, there
was no evidence of new phenomena until 2012, when
a new depression, 4 meters in diameter and 2 meters
deep, formed (Fig. 3C). Currently, the largest visible
sinkhole is located at Molino di Quinis. Its diameter
is approximately 15 m, and it is 3 m deep (Fig. 3D).
More recently, in 2013 and 2016, new small-size
phenomena occurred.
Conditioning factors
The identification and construction of a geospatial
database of sinkhole conditioning factors play a
crucial role in sinkhole susceptibility modelling.
However, there are no widely accepted rules for
defining a set of sinkhole causal factors. The latter can
be different depending on the geological, lithological
and hydrogeological characteristics of the study
area. Based on the literature (Gortani, 1965), local
knowledge, and the outputs of in-depth investigations
carried out by Zini et al. (2015a), the following factors
have been selected: land use, geomorphology, thickness
of the covering deposits, distance to drainage network
and distance to faults. Thematic maps representing
each factor were produced, and all of the acquired
information was stored in a geodatabase.
The land use and geomorphological maps were
produced starting from 1:5,000-scale topographical
maps, aerial photos and Digital Elevation Models
(DEM) at a 1-m resolution, derived from Aerial Laser
Scanner (ALS) data acquired in the period from
2006-2010 by the Civil Defence of the Friuli Venezia
Giulia Region.
The “land use” (L) factor plays a fundamental role
in the sinkhole generation and evolution. Changes
in the land use pattern, such as crop variations or
the construction of new buildings and roads, modify
the infiltration of rainfall into the ground. Floodplain,
forest, cropland, grassland and urban areas are the
five land use types identified in the study site. The
floodplain class includes extensive gravel deposits of
Tagliamento riverbed and minor streams. The forest
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Fig. 3. Sinkhole inventory (A) and field photographs (B, C, D, E) of the types of sinkholes in the study area (DMG, 2015). The phenomena
pictured in B, C, D, and E are indicated in A. B, C, and D are cover collapse sinkholes, while E is a cover suffosion sinkhole.

class incorporates woodlands and land cultivated for
afforestation. The cropland class includes field crops
and horticulture areas. The grassland class represents
areas where the vegetation is dominated by grasses.
The urban area unit incorporates transport facilities
(roads and car parks), residential and community
buildings, industrial areas, quarries and landfill
waste disposal sites.
Different areas of land use were recognized using
aerial photo interpretation often assisted by field
activities. The latter were performed mainly in the
surroundings of Quinis and Enemonzo villages, where
the definition of limits between different types of land
use was frequently complex.
The density and spatial distribution of sinkholes in
Friuli Venezia Giulia seems to be dependent on the
geomorphological units. The phenomena are more
abundant in the flat areas of intra-mountain valleys

than at the piedmont hills or along the hillslopes. For
the study area, the geomorphological landforms (G)
were identified and digitized using aerial photos and
validated by field surveys. The area was classified
into the following units: riverbed (where water actively
flows), floodplain (area of land which experiences
flooding during high discharge periods), river terrace,
deeply incised stream, hillslope (slopes with angle
>15°), fan (fan-shaped deposits of water-transported
material (alluvium)), hilltop (flat areas at the top
of hill slopes) and cliff (vertical, or nearly vertical,
rock exposure).
The definition of the thickness of the Quaternary
deposit (T) constitutes a significant factor in the
generation and evolution of sinkholes. These deposits
are characterised by a high heterogeneity: highly
permeable polygenic gravels alternate strata of clays
and silty-clayey terrains, which decrease the overall
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permeability. A detailed description of these deposits
is given in Zini et al. (2015a) describing the Quinis
subsurface deposits. The thickness was calculated
from the stratigraphies of 146 boreholes, which are
widespread in the study area (data available in the
General Municipal Development Plans- PRGCs). Some
of them reach the bedrock, whereas others stop in the
overlying deposits. The thickness of the Quaternary
deposit was ranked into four classes: 0-10 m, 10-20
m, 20-40 m, and >40 m.
Streams and rivers (H) can play an important
role in sinkhole generation and evolution. The
spatial distribution of streams and rivers shows
the areas where the infiltration of shallow waters
is concentrated. This factor can be considered an
indirect indicator of the dissolution of the evaporites
underlying the Quaternary deposits. The Tagliamento
River is the major river in Friuli Venezia Giulia Region
and flows in a W-E direction in the southern part of the
study area. The rest of the drainage pattern is mostly
parallel, related to the fact that many streams flow
in an approximately NW-SE, structurally controlled
direction. We computed the straight-line distance
(Euclidean distance) of sinkholes from the rivers.
Evaporite sinkholes are often aligned with geological
structures such as faults (F). A map of the faults was
constructed using the geological map Carta Geologica
delle Alpi Carniche (Foglio occidentale), 1:25,000
scale, from Venturini et al. (2001) and F°31 Ampezzo
(Venturini et al., 2010), and then the Euclidean
Distance tool was used to compute the required map
based on the straight-line distance from the faults.
The elevation (D) and gradient (S) measure the
angle of the slopes and control the direction and
speed of the runoff waters and erosion of the terrain
slopes. For this study, we computed these maps
using the Spatial Analyst tool of ArcMap 10.4,
produced by ESRI.
For the field survey analyses, the study was realized
at a 1:5,000 scale (Calligaris et al., 2017b). The
elevation and the products derived from the Digital
Elevation Model have a cell size of 1 m.
Susceptibility modelling
The susceptibility models of the Enemonzo area were
constructed using a method based on the Likelihood
Ratio (λ) function (Chung, 2006). This function
compares the empirical distributions of the values of
a conditioning factor in the pixels with sinkholes and
in the pixels without sinkholes. The λ function can be
expressed by
  (1)
where f { factor|X } is the empirical distribution
function of the values of a factor in the area affected by
sinkholes and f { factor|X } the empirical distribution
function of the values of a factor in the area not
affected by sinkholes. If these two distributions are
very similar, it indicates that the conditioning factor
does not explain the distribution of the sinkholes,
while if they are very different, this means that the
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conditioning factor has a high capacity to predict the
spatial location of the sinkholes.
The λ function can be estimated in each categorical
factor (x1, x2, ... , xi ) represented in a raster map
(i.e., land use or geology) by applying the following
equation:
(2)

The continuous factors are traditionally reclassified
into several classes to apply this equation. However,
there is another way to estimate λ using continuous
data by applying a kernel density estimation. A kernel
is a smooth function used to spread values of a
distribution of numerical data. This function avoids
the abrupt jump of frequency values from one range
to the next, as can be observed in a conventional
histogram formed by block diagrams. We used a
normal kernel, namely, a kernel function with a
Gaussian distribution, in a shape that has the form:
  (3)
where σ is the standard deviation of the distribution.
In our case, this kernel function produces a bellshaped curve that describes the distribution of values
of a conditioning factor. We generated two kernel
density functions for each conditioning factor, which
represent the distribution of values in the areas with
and without sinkholes. The ratio calculated in each
value using the data of these two curves represents
the λ function of each conditioning factor. This
methodology was described in detail by Chung (2006)
and applied in sinkhole susceptibility analyses by
Galve et al. (2008).
The estimation of λ for a set of categorical and
continuous factors was performed by multiplying
each pixel by the value of λ of each factor. See Chung
(2006) for a detailed description of the method and
Galve et al. (2008, 2009b, 2011) for its implementation
to produce sinkhole susceptibility maps.
Additionally, we included the variable Nearest
Sinkhole Distance (NSD) in the conventional procedure
for estimating λ and producing susceptibility maps,
as described in Galve et al. (2011). Our innovation
is the use of a kernel density function to incorporate
in the calculations the NSD as a continuous factor
instead of as a categorical factor. First, we carried
out a nearest neighbor analysis to calculate the
proportion of sinkholes within a given distance from
another sinkhole. The results of this calculation are
referred to distance ranges and not to continuous
distance values. At this point, we estimated the value
of this proportion at every distance value by applying
a kernel method. We used a normal kernel as in the
λ estimation for the other conditioning factors. Figure
4 shows the results of this analysis in the Enemonzo
area and the Gaussian kernel density function derived
from them.
Another factor associated with the sinkhole
distribution, the Orientation to Nearest Sinkhole
(ONS), has been considered and added to the analysis.
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The generation of a map with this causal factor follows
a procedure similar to that used for the NSD. First,
the probability of finding another sinkhole following
a specific orientation was assessed by observing the
frequency of the azimuths of the lines that connect
each sinkhole with their nearest neighbors. The
result is creating orientation frequencies divided into
16 azimuth ranges of 22.5º. These frequencies (F)
were transformed into proportions (P) (Eq. 4), and the
proportions were divided by 0.0625 (1/16) to estimate
λ in each azimuth range.
  (4)

out to generate Prediction-Rate Curves (PRCs).
These curves graphically show the proportion of the
study area, ordered from the highest to the lowest
susceptibility, that contain a certain proportion of
the test dataset sinkholes (Chung & Fabbri, 2003;
Remondo et al., 2003). Thus, PRCs can be used to
obtain information such as the area of the model
in which a certain proportion of future sinkholes
may occur. For example, we can estimate that a
certain percentage of the future sinkholes may
occur in a certain percentage of the area with the
highest susceptibility. Moreover, the Area Under the
Prediction-Rate Curve (AUPRC) was extracted as a
quantitative measure of the model forecasting power.
We compared the AUPRCs of the models to identify
the factors with the highest prediction capability and
the best combination between them for forecasting
the locations of future sinkholes (Table 2 and 3).
Then, the best model was selected using the following
steps: (1) models using only one conditioning factor

The division by 1/16 has been done because it is
assumed that the proportion of pixels in each area
covered by the pixels of an azimuth class is the same.
Second, an orientation map is produced from the
sinkholes and reclassified into 16 classes according
to the 16 azimuth ranges of 22.5°. Third, the
λ value calculated for each azimuth range Table 2. Prediction capability of variables. AUPRC: Area Under Prediction-rate Curve.
ID
VARIABLE
NICKNAME
AUPRC
was assigned to each class of the latter map.
This causal factor was shown to be a good
N
Nearest Neighbour Distance
NND
0.82
predictor in areas where sinkholes show clear
L
Land use
LANDUSE
0.81
lineaments, such as in the Dead Sea sinkhole
G
Geomorphology
GEOMOR
0.73
fields (e.g., Abelson et al., 2006).
T
Thickness of Quaternary deposits
THICKNESS
0.71
D

Sensitivity analysis through crossF
validation techniques
S
The prediction capability of the conditioning
H
factors was assessed through the evaluation
O
of the susceptibility models constructed by
using each of them or their combinations.
This evaluation was carried out through a two-fold
cross-validation. Thus, the sinkhole population was
divided randomly into two groups, a training dataset
and a test dataset. The training dataset was used
to produce the susceptibility model, and then this
model was evaluated by analyzing the distribution
of the sinkholes in the test dataset with respect to
the susceptibility values. This evaluation was carried

Fig. 4. Likelihood ratio of distance ranges to sinkholes
estimated from the observed frequency in each distance
range (pink columns; see Galve et al., 2011 for more
details about the elaboration of this plot) and empirical
frequency distribution of distance to sinkholes using a
Gaussian kernel (blue line).

Elevation

DEM

0.71

Distance to faults

FAULTDIST

0.67

Slope gradient

SLOPE

0.64

Distance to drainage network

HYDRODIST

0.58

Orientation to Nearest Sinkhole

ONS

0.45

Table 3. Prediction capability of combinations of the variables
in Table 2. The acronyms of the models are produced by
combining the IDs of the variables (see Table 2). The PRCs
of the combinations highlighted in grey tones are shown in
Fig. 5A. VAR: Number of variables combined in the model;
AUPRC: Area Under Prediction-rate Curve.
MODEL

VAR

AUPRC

NLT*

3

0.885

NLT

3

0.879

NL

2

0.878

NLTD

4

0.873

NLTDF

5

0.870

NLG

3

0.868

NT

2

0.857

NO

2

0.827

LTDF

4

0.817

LTDHF

5

0.817

LTDH

4

0.811

LTDS

4

0.809

LTD

3

0.809

LGTDFSH

7

0.807

LGTDF

5

0.806

LTF

3

0.803

LT

2

0.798

LD

2

0.797

LGT

3

0.791

LTH

3

0.788

LG

2

0.777
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were evaluated and ordered according to their
prediction capability; (2) the combinations of the
factors were evaluated from the models combining
all the available factors to produce models that
combine only the factors with the best performance.
We analyzed the trend of the AUPRC value when a
factor is included or not. A factor was rejected when
the AUPRC did not increase when it was included in
the combination. (3) The combination with the highest
AUPRC was used to produce a definitive susceptibility
map using the entire sinkhole inventory. The
contributions of factors when they are incorporated
in the analysis can be studied by comparing the
spatial patterns of the models and the shapes of the
PRCs generated with and without each of the factors
(Fig. 5) (see Galve et al., 2009b). This procedure may
show how, where and why each factor improves or
worsens the model.

RESULTS
The results of the sensitivity analysis to study the
forecasting performance of the selected factors and
their combinations are presented in Tables 2 and 3
and Figure 5. The process produced 32 models, 9 with
only one factor and 23 with combinations of different
factors. As expected, the variable with the highest
prediction capability is the nearest sinkhole distance,
followed by land use. The thickness of the covering
deposits is the fourth parameter in the ranking of the
best-forecast performance, but its addition improved
the models more than geomorphology (the third in the
ranking).
The sinkhole susceptibility model with the best
forecasting performance was produced by combining
the following parameters: Nearest Sinkhole Distance
(NSD) as a continuous variable, land use and thickness
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of the covering deposits (the so-called NLT* model).
Only the combination of these three parameters
shows greater predictive power than the combination
of all nine parameters studied. Moreover, the
introduction of more than these three parameters
decreases the prediction capacity of the models.
The NLT* model shows very good performance, with
an AUPRC of 0.88, and predicts that 86% of future
sinkholes will occur in the 20% of the study area with
the highest susceptibility (Figs. 5 and 6).
The model with the highest forecast performance
was improved by including the parameter NSD as a
continuous variable instead of a categorical variable
through the use of kernel density functions. Although
the improvement seems to be modest with respect to
the AUPRC value, the model shows a 5% increment
in the forecasting performance within 20% of the
study area with the highest susceptibility. This 5%
indicates that the model produced without the kernel
density functions needs a greater area to predict the
same proportion of sinkholes as the best model. In
particular, the model generated using categorical
variables predicts 86% of future sinkholes using
30% of the study area with the highest susceptibility.
As mentioned before, this percentage of sinkholes
is predicted by the best model using only 20% of
the study area. Therefore, the “categorical” model
needs ~1 km2 more (~10% of the study area) to
predict the same proportion of sinkholes as the best
model (Fig. 7).
The Orientation to Nearest Sinkhole (ONS) has not
produced good results. The improvement generated
by this variable in the models is very poor because the
sinkholes of the Enemonzo area do not follow clear
preferential orientations.

Fig. 5. Prediction-rate curves (PRCs) of the most representative models. Acronyms of the
models indicate the combinations of variables (see Tables 2 and 3 for identifying the initial of
each variable. (A) PRCs of the combinations that best express the evolution of the prediction
capability by adding or subtracting variables from the models. The model LGTDFSH involves all
the independent variables, but this combination provides worse results than a model with only
four of the parameters (LTDF). The introduction of the N variable (Nearest Sinkhole Distance)
improved the latter combination, and this variable with only two additional parameters ultimately
generated the best model. (B) Comparison between the PRCs of the NLT model with (NLT*)
and without (NLT) the integration of a kernel density estimation. On the one hand, the two
combinations indicate an area where the probability of sinkhole occurrence seems to be very
low (“safe area”) that the other combinations could not define. On the other hand, it is apparent
from this plot that NLT* is better than NLT in almost all the areas of medium susceptibility, and
this gives the NLT* model the highest prediction capability.

DISCUSSION AND CONCLUSIONS
The produced susceptibility map
highlights the most sinkhole-prone
zones of the study area and incorporates
the parameters that better represent the
conditioning factors that generate and/
or accelerate the sinkhole processes.
This map is in a good agreement with the
outcomes of the in-depth investigations
performed in the past (as the Piano
Stralcio per l’Assetto Idrogeologico –
P.A.I. Plan, Autorità di Bacino, 2012).
Critical points are the area of Esemon
di Sotto and the Tagliamento riverbed.
In the former area, the susceptibility
map classifies the terrain with high
and very high susceptibility, although
sinkholes have never occurred. A
possible explanation for this could be
that a strike-slip fault has displaced
the evaporites towards the N, leading to
the absence of gypsum bedrock in the
Esemon di Sotto area. This hypothesis is
supported by geological data, as shown
in the map proposed by Venturini et
al. (2010), but needs to be confirmed
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Fig. 6. Sinkhole susceptibility model of Enemonzo area produced using as a training set only the sinkholes without
dates (black circles). Dated sinkholes are represented on the model to show the good spatial correlation between
the model and their locations (black stars). It is noted that the latter sinkholes were not used in the generation of
the model represented in the figure.

Fig. 7. Sinkhole susceptibility zonation according to the expected percentages
of future sinkholes that will occur in each zone. Dark grey zone covers the area
where 86% of future sinkholes will occur, medium grey colored zone covers the
area where 14% of future sinkholes will occur, and the light grey zone covers the
so-called “safe area” (see Fig. 4).

by direct investigations. Another critical point is
that the Tagliamento riverbed is classified as area
of very low or low susceptibility according to the fact
that sinkholes were not reported. This might not be
realistic. The area is not used for human activities, so
witnesses cannot confirm the occurrence of sinkhole
phenomena, as fluvial processes can easily hide all the
formed karst depressions. To support this hypothesis,
Gortani (1965) reported that the variations of the river
discharge generated by the upstream construction of
a dam caused several subsidence phenomena in the
riverbed and in adjacent areas.
The obtained susceptibility map is plausible. The
area where Enemonzo Village lies is classified as

moderately susceptible. Conversely, the two northern
areas of Fresis and Casolare Promeal are classified
as very high, in agreement with the sinkholes that
occurred in the past. In the central part of the
study area, between the villages of Enemonzo and
Quinis, sinkholes were not reported in the past. The
morphology factor, as well as the great thickness
of the deposits (T), seem to have affected the recent
formation of sinkholes in this area. Groundwaters
follow the bedrock morphology and flow from the
northern hills towards the SE depressed areas where
sinkholes recently (2012) occurred (Fig. 6).
It is worth noting that in the modelling process, the
information provided by the distance to the drainage
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network or faults, geomorphology, elevation and
slope was unable to increase the predictive power of
the models. The conditions that induce the sinkhole
formation at depth do not seem to be reflected at
the surface. Most of the aforementioned factors
represent characteristics of the landscape and show
a limited prediction capacity. It is interesting that the
geomorphology factor is the second in the ranking of
the best forecasting performance, but its participation
in the multivariate models does not improve their
prediction power. The geomorphology may affect or
be affected by subsidences, but its capacity to predict
sinkholes can be included in other factors, such as
NSD or land use.
The thickness of the Quaternary deposits is the only
variable in our database that represents subsurface
information; it shows a moderate capacity to define
the most sinkhole-prone areas. This result may be
explained by the fact that the available information
used to produce the thickness map does not have
sufficient detail to generate a significant improvement
in the model prediction. However, the slight
improvement observed when this factor is included in
the model seems to indicate that an upgrading of the
thickness estimation would be helpful.
Finally, in the applied methodology, it has not
been possible to take into account the role played
by the groundwater due to the lack of homogeneous
information in most part of the study area. As
shown in Quinis where we have an accurate amount
of hydrogeological data, the groundwater table
fluctuations play a key role in the generation and
evolution of ground-subsidence phenomena (Gortani,
1965; Zini et al., 2015a). Unfortunately, there is
not enough available information on the water table
fluctuation in the rest of the study area.
The discussed topics demonstrate how sinkhole
susceptibility modelling outcomes may guide all
types of reasoning and conclusions. This paper
highlights that the effort of constructing a database
and producing and validating a model may provide
more than one output: the susceptibility model and
the information on how to improve it. The sensitivity
analysis indicates which parameters can improve
the prediction capability of the best susceptibility
model, and thus the analysis process provides us
with some direction for further research. In this work,
the results indicate that the acquisition of subsurface
information and of a continuous inventory of sinkhole
occurrences as well as new techniques of analysis
may improve the produced model and adapt it to the
geological knowledge of the region. In this regard, the
susceptibility model should not be seen as a static
map, as it evolves as new information is implemented.
Seismic risk maps are good examples of that aspect
because they are always updated after earthquake
occurrences. In Enemonzo, a review of the information
used for producing the sinkhole susceptibility model is
foreseen. In this sense, (1) the classes of the land use
and geomorphology maps must be rethought and (2)
the hydrogeological information should be included,
as well as new geological subsurface information
where it is lacking.
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